DNA methylation plays a significant role in regulating the expression of certain genes in both cancerous and normal breast tissues. It is therefore important to study within-sample co-methylation, ie, methylation patterns between consecutive sites in a chromosome. In this article, we develop 2 new methods to compare co-methylation patterns between normal and cancerous breast samples. In particular, we investigate the co-methylation patterns of 4 different methylation states/levels separately. Using these 2 methods, we focus on addressing the following questions: How often does 1 methylation state change to other methylation states and how is this change dependent on chromosome distance? What co-methylation patterns do normal and cancerous breast samples have? Do genomic sites with different methylation states/ levels have different co-methylation patterns? Our results show that cancerous and normal co-methylation patterns are significantly different. We find that this difference exists even when the physical distance of 2 sites are less than 50 bases. Breast cancer cell lines tend to remain in the same methylation state more often than normal samples, especially for the no/low or high/full methylation states. We also find that the co-methylation region lengths for various methylation states (no/low, partial, and high/full methylation states) are very different. For example, the co-methylation region lengths for partial methylation regions are shorter than the unmethylated or fully methylated regions. Our research may provide a deep understanding of co-methylation patterns. These co-methylation patterns will aid in discovering and understanding new methylation events that may be related to novel biomarkers.
Introduction
Cancer is the second leading cause of death in the United States. In 2019, there is an estimated 1 762 450 new cancer cases diagnosed and 606 880 cancer deaths in the United States. Even with advanced technology and medicine, 1 in 3 cancer cases are terminal. 1 However, cancer mortality can be reduced if the disease is detected and treated early; in fact, cancer can be reduced or controlled by implementing evidencebased strategies for cancer prevention, early detection of cancer, and proper treatment of cancer patients. 2 Thus, it is very important to identify genetic and epigenetic factors associated with cancer so that medical professionals will be able to more effectively identify and treat cancer cases. DNA methylation is an important epigenetic event that is associated with cancer. In this article, we will study and compare co-methylation patterns in cancerous and normal breast samples in an attempt to understand whether co-methylation of certain degrees and/or in certain genomic regions is associated with breast cancer. Next, we will review the definition and roles of DNA methylation.
In a mammalian genome, DNA methylation is the covalent bonding of a methyl group (CH 3 ) to a cytosine base in a dinucleotide 5′-CG-3′, or a CG site (also known as a CpG site, which is a cytosine base linked to a guanine base by a phosphate bond in the DNA sequence). 3 DNA methylation of some CG sites may be related to gene expression loss, especially for some key tumor suppressor genes (TSGs). It usually restricts transcription factors from gaining access to the gene promoter and therefore turns off gene transcription. This function of DNA methylation often associates with chromatin structure changes. The chromatin becomes more condensed instead of remaining open and functional as is required for gene transcription. 3 DNA methylation has also been shown to potentially affect gene control via other means. It may stimulate transcription elongation, impact splicing, and alter the activities of enhancers, which are regions of DNA that can promote transcription. 4, 5 In promoter regions, the methylation of CpG islands (regions rich in CG sites) can also be associated with long-term silencing of gene expression. 6, 7 Although both methylation and mutation can silence TSGs, methylation is potentially reversible. 3, 8 Thus, ongoing biomedical research is attempting to use demethylating agents to treat cancer cells, because these agents can activate TSGs and suppress tumor proliferation. 9 Because DNA methylation plays a key role in regulating the expression of some genes, it is necessary to study methylation patterns thoroughly to fully understand cancerous DNA. Co-methylation, or spatial correlation, is an important type of methylation patterns. [10] [11] [12] [13] [14] [15] [16] Generally speaking, there are 2 main types of co-methylation 12, 16 : between-sample (BS) co-methylation and within-sample (WS) co-methylation. The BS comethylation describes the methylation similarity or correlation of CG sites or genes across a set of samples and in different 2 Cancer Informatics genomic locations (eg, genes can be on different chromosomes). [17] [18] [19] [20] [21] For this type of co-methylation, the WGCNA R package 22 is often used to find co-methylated CG sites, genes, or modules. [23] [24] [25] WS co-methylation describes the degree of methylation over distance, ie, similar methylation patterns in nearby CG sites located in the same chromosome of 1 single sample. 11, 14, [26] [27] [28] In addition to the above description, in the Introduction of Sun and Sun, 16 there is a clear explanation of the difference between WS and BS co-methylation patterns.
As mentioned above, consecutive CG sites in a chromosome region tend to have similar methylation, un-methylation, or partial methylation patterns. This WS co-methylation pattern decreases as the genomic distance increases. [11] [12] [13] 29, 30 The relationship between co-methylation decay and genomic distance can vary in different cell types and tissues. This relationship is also disputable due to the reports of different levels of comethylation decay. 12, 15 Although co-methylation has been studied in different cell types and tissues, to the best of our knowledge, it has not been well studied yet in normal breast tissues and breast cancer cell lines using the whole genome bisulfite sequencing (WGBS) data. In addition, previous studies investigate WS co-methylation patterns by considering CG sites with different methylation levels/states all together. However, the co-methylation patterns of unmethylated, partially methylated, and highly/fully methylated sites can have very different co-methylation patterns. Conducting WS comethylation studies without separating CG sites with different methylation levels will lead to inaccurate results. Therefore, CG sites with different methylation levels/states should not be considered together when studying WS co-methylation. In this article, we will conduct WS co-methylation for breast tissues using WGBS data by considering CG sites with different methylation levels/states separately. Note that there is a publication on co-methylation for breast cancer by Akulenko and Helms. 17 However, their study is for BS co-methylation, not for WS co-methylation, and they use the Illumina 27K array data, not the WGBS data. An Illumina 27K data set can only have methylation signals for 0.1% of what WGBS data set can include.
We will focus on studying WS co-methylation patterns in breast tissues. Because there are not many WGBS data publicly available for normal breast tissues and breast cancer cell lines, we will conduct the analysis using 3 currently available samples: 1 normal breast sample and 2 breast cancer cell lines. In particular, we will conduct statistical analyses to address several questions. How different are the WS co-methylation patterns in cancerous and normal samples? Are the co-methylation patterns of various methylation levels/states (eg, no/low, partial, or high/full methylation) different? How often does a methylation state (low, high, or partial methylation state) remain the same in cancerous and normal samples? Are the length distributions of cancerous and normal co-methylation regions the same? If not, to what degree do they differ and what is the significance of these differences? To answer these questions, we will study the relationship of WS co-methylation patterns of consecutive CG sites across a chromosome and compare comethylation patterns in both cancerous and normal samples.
To the best of our knowledge, this research work is the first study that focuses on investigating breast tissue WS co-methylation patterns by considering different methylation states separately using WGBS data. Analyses based on WGBS data can provide a more comprehensive understanding of WS co-methylation patterns. Studying cancerous and normal breast samples' co-methylation patterns will also allow us to further understand how specific co-methylation patterns are associated with breast cancer. Answers to the above questions can add to the understanding of the causes or hallmarks of breast cancer. Furthermore, an increased understanding of co-methylation patterns in different samples may also help researchers recover lost information in low-coverage methylation sequencing data 31 and even lead to more efficient methylation sequencing. 12 To simplify our writing for the rest of this article, when we use "co-methylation," we mean "WS co-methylation."
Method

Data and methylation state definition
We use publicly available DNA methylation sequencing data (GSE29127 and GSM3526804) generated for normal human mammary epithelial cells (HMECs) and 2 breast cancer cell lines, HCC1954 32 and MCF7. 33 The raw sequencing reads of these samples are generated using the WGBS technique and are saved in the FASTQ format. BRAT-bw, 34 a publicly available software package, is used to preprocess and align raw sequencing reads with the reference genome hg19. After processing the raw sequencing data, each methylation data set includes information on chromosome number, base position, sequencing coverage, and methylation ratio (MC ratio) (see Table 1 ). Sequencing coverage refers to the number of times a nucleotide is read or sequenced. A relatively high sequencing coverage may indicate more accurate sequencing results; thus, we choose to use the base positions or CG sites with at least 3× coverage for more accurate results.
The MC ratio for each base position in a chromosome ranges from 0 to 1, where 0 indicates no methylation and 1 indicates full methylation. To remove the impact of sequencing error and to simplify the analysis, we define 4 methylation states: "A" for no methylation or low methylation levels in the range of [0, 0.25), "B" for low partial methylation levels in the range of [0.25, 0.5), "C" for high partial methylation levels in the range of [0.5, 0.75), and "D" for full methylation or high methylation levels in the range of [0.75, 1]. "NA" is used for missing data. We define methylation states for all CG sites and then add them as an additional column to our data. We also calculate the distances between consecutive CG sites and add them to our data.
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As for which chromosome or region to study, our explorative analysis on a short chromosome has shown similar patterns and answers when comparing with the long chromosome analysis. In addition, because our focus is WS co-methylation for nearby CG sites, not BS co-methylation in a whole genome, using 1 chromosome is sufficient to address the questions of interest. Therefore, we only focus on chromosome 1, as it is the longest chromosome.
Two analysis methods
We first determine the methylation state of each CG site as A, B, C, or D based on its methylation level as mentioned before. The methylation states A, B, C, and D represent low (or no), low partial, high partial, and high (or full) methylation, respectively, as explained above. We then study WS co-methylation patterns using 2 different analysis methods. First, we study how often or how frequently a methylation state (eg, A) remains the same (eg, AA) or changes to other methylation states (eg, AB, AC, or AD). Second, we investigate how long each region of a specific methylation state is (eg, AAAA . . .). We conduct analyses under several different sets of conditions, including different distance levels. Next, we use the chi-square test and the Wilcoxon rank sum test to determine whether the differences we observe between normal and cancerous DNA are statistically significant. The key novelty of our methods is that we study the WS co-methylation patterns by studying CG sites with different methylation states (A, B, C, and D) separately for breast tissues. The co-methylation patterns of CG sites that have different methylation levels can be different. When considering the CG sites that have different methylation levels together, the co-methylation analysis results will not be accurate. Therefore, we conduct our analysis for each methylation level/state separately to obtain accurate co-methylation analysis results for breast tissues.
Method 1: analyze the relationship between methylation state changes and distance. We first look at consecutive pairs of CG sites to see whether there is a pattern in how often 1 methylation state remains the same or changes to another methylation state. We divide our data based on the distance between consecutive CG sites to determine whether the observed patterns are only present among CG sites that are a short distance from each other or these patterns are also apparent over a longer distance. We first study the CG sites in the distance intervals [0, 200), [200, 500), and [500, Infinite [or Inf ]). We then conduct further analysis using distance intervals incremented by 50: [0, 50), [50, 100), [100, 150), and so on, to [500, Inf ). The distance is measured by the number of bases between consecutive CG sites. For example, when using the distance interval [0, 50), we select CG sites that are 0 to 50-base away from the next consecutive CG site. Our results for these distance intervals are shown in the "Results" section.
Method 2: analyze the distribution of co-methylation region length. We investigate the WS co-methylation patterns by studying the distribution of the co-methylation region length. We identify the co-methylation regions that have the same methylation state (eg, AAAAA or BBBBB). We then count the number of CG sites in each region and calculate the length of each region. Note that the co-methylation regions of different methylation states/levels can have different co-methylation patterns (eg, different co-methylation region lengths). We will study different methylation states/levels separately. In addition, the co-methylation regions of different methylation states/levels may have different numbers of CG sites, and most of these regions may consist of a small number of CG sites. We will conduct further analysis on numbers of CG sites in all comethylation regions.
Results
Results of method 1
Our method 1 analysis results are summarized in Tables 2 to 5 and Figures 1 and 2. The first portion of our analysis is shown in Table 2 and Figures 1 and 2. Table 2 indicates how often 1 methylation state changes to another when the distance levels between 2 consecutive CG sites are 0 ~ 200 bases, 200 ~ 500 bases, and larger than 500 bases respectively. For example, in Table 2 , the cell in the A% row and the A column of the normal data [0, 200) is 74.023%, which means that the methylation state A remains as the state A 74.023% of the time, whereas the cell in the A% row and then B column of the normal data [0, 200) means that 6.737% times that the state A changes to state B. The percentages are out of the row total. We summarize the patterns observed for the 0 ~ 200 base interval in Table 2 . First, for methylation states A and D (ie, the A% and D% rows), in both the normal (HMEC) and cancerous (HCC1954 and MCF7) data, the largest percentages occur in the AA and The input of this chi-square test is shown in Table 3 with no restriction on the distance between Cg sites. A, B, C, and D columns represent the results of tests conducted for each of the 4 methylation states.
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Cancer Informatics DD cells, indicating that low or high methylation states tend to remain in the same state. However, these AA and DD percentages are higher in breast cancer cell lines (eg, 74.023% of AA for the normal breast sample HMEC, but 78.109% for HCC1954 and 80.565% for MCF7). This shows that comethylation regions of A states and D states tend to be longer in cancerous data than in normal data. Second, for the partial methylation state B (ie, the B% row), it is more likely to become a D state in the normal HMEC sample (47.14%) than in the cancerous samples (30.701% for HCC1954 and 31.719% for MCF7). For the partial methylation state C, it has a similar pattern for the CD cells of the 3 samples. In fact, the CD% in the normal sample HMEC is higher than in 2 cancerous samples, 58.925% for the normal HMEC, 53.43% for the HCC1954, and 55.904% for the MCF7. For the B% row, the 4 transitions (BA, BB, BC, and BD) are more evenly distributed in 2 cancerous samples than in the normal sample.
Next, we summarize the patterns observed for the [200, 500) and [500, Inf ) intervals. First, when the distance level increases, the AA% drops more dramatically in the normal HMEC sample than in the HCC1954 and MCF7. In fact, compared with the 0 ~ 200 base interval, in the HMEC, the AA% changes from 74.023% to 20.769%, ie, the difference is about 50%. In the HCC1954, the AA% changes from 78.109% to 63.188%, ie, the difference is just about 15%. In the MCF7, the AA% changes from 80.565% to 57.04%, ie, the difference is just about 23%. Although there is a large difference when comparing the cancerous with the normal samples based on the AA%, there is a small difference when comparing them using the DD%. Second, when the distance level increases, B% and C% rows do not change as dramatically as the A% row does, especially in the normal HMEC sample. Finally, when comparing the percentages in all distance levels, we find that as the distance level increases, the percentages decrease in some cells but increase in others. At the last distance level, the 500 ~ Inf interval, the patterns differ greatly when compared with the [0, 200) interval, as there is a large distance between 2 consecutive sites (ie, >500 bases) in the last distance level.
After analyzing percentages of methylation-state-change using the distance levels of [0, 200), [200, 500), and [500, Inf ), we find that between the distance intervals [0, 200) and [200, 500), there is a dramatic change in both normal and cancerous co-methylation patterns. It is unclear at what distance-level the co-methylation pattern starts to decay or change in breast tissues. We want to zoom in to pinpoint exactly where this drop occurs. We then use the distance intervals increased by 50 to get a closer look at the patterns (see Figure 1 ). These intervals are [0, 50), [50, 100), [100, 150), and so on, to [500, Inf ). We further decrease the distance intervals to 10 to get an even closer look: [0, 10), [10, 20) , [20, 30) , and so on, to [90, 100). We compare the percentage methylation-state-change in 2 ways: percentage occurrence of CG pairs with the same first base (eg, AAs, ABs, ACs, and ADs; comparing graphs in 1 row of Figures 1 and 2) , and percentage occurrence in cancerous vs normal data (comparing within each graph of Figures 1 and 2) . We will explain the comparison results below.
In Figure 1 , when comparing the breast cancer cell lines (gray and brown) with the normal sample (yellow), the AA and AD plots show that they have dramatic differences, but overall, the 2 cancer cell lines have similar co-methylation patterns. In the BA, BD, and DD plots, there are certain differences too, but not as much as the AA and AD plots. In addition, we observe similar trends as shown in Table 2 . That is, the Sun et al 7 cancerous AA and DD state pairs and the normal DD state pairs have the highest percentages. For example, the 2 cancerous lines (gray for HCC1954 and brown for MCF7) in the AA state pair (or plot) are higher than the 2 cancerous lines in AB, AC, and AD graphs. In Figure 1 , we also discover that the percentage of occurrence changes within the first 100 base pairs in each set of CG pairs. The most dramatic changes are shown in the AA and AD state pairs (the first and last plots of the top panel/row of Figure 1) , where the likelihood of high and low methylation CG pairs changes significantly within the first 100 base pairs. Next, we zoom in to observe and pinpoint the patterns in the first 0 to 100 base regions by doing a similar analysis for the intervals [0, 10), [10, 20) , [20, 30) , and so on, to [90, 100). We observe that the percentage of occurrence for the CG pairs AA and DD actually changes within 20 base pairs (eg, the AA, AD, BD, and DD plots of Figure 2 ). Figure 2 is a zoomed-in analysis of the 100-base pattern shown in Figure 1 . In Figure 2 , we find that when the distance level is less than 20 base pairs, the AA plot shows that the 2 cancer cell lines and the normal (HMEC) sample are similar. After 20 base pairs, the normal AA state pair frequency (yellow line) dips below the 2 cancerous AA lines (gray for HCC1954 and brown for MCF7) (see the AA plot of Figure 2 ). We also find that the AD state pairs in normal and cancerous 
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data have similar percentage of occurrences when the distance sub-interval is less than roughly 10 base pairs (see the AD plot of Figure 2 ), but when the distance increases, there is a dramatic difference between the breast cancer lines (gray and brown) and the normal sample (yellow). The normal and cancerous frequencies for the DD state pair show that the 2 cancer cell lines (gray and brown) are very similar, and they are different from the normal sample (yellow), see the DD plot of Figure 2 . In addition, when looking at the partial methylation state B row (ie, the second row of the Figure 2) , the zoomed-in analyses of the BA and BD plots also show that cancer cell lines are very different from the normal sample. The methylation state C row (ie, the third row of the Figure 2) does not show that obvious difference between cancerous and normal samples. Figures 1 and 2 show that co-methylation patterns in normal and cancerous samples are different. However, it is unclear whether these differences are statistically significant. Therefore, we use the chi-square test to investigate these differences. Table  3 shows the count and percentage of all CG sites in chromosome 1 (not just CG sites selected based on specific intervals). We run the chi-square test on the count data (in Table 3 ) from our method 1 to compare cancerous and normal samples. In Table 4 , we display the chi-square test performed on count data with no distance restrictions, which is for all the CG sites in chromosome 1. The test is conducted for all 3 samples, and it shows significant results.
We use our method 1 analysis data to further investigate if there is also a significant difference between CG sites that are within a certain distance level. That is, we will conduct this test using the [0, 50), [50, 100), . . . , [450, 500) 50-base distance intervals. The results of these tests are that P-values in all intervals A, B, C, and D are extremely small in the chromosome 1 analysis (P-values are not shown here). Therefore, we conclude that the co-methylation patterns in the cancerous and normal samples are significantly different even for CG sites that are just 50 bases away. We additionally test our data using the chisquare test to see whether co-methylation patterns within much smaller 10-base distance-levels continue to show the significant difference between cancerous and normal samples. In Table 5 , we show our test results on the 10-base intervals (ie, [0, 10), [10, 20) , . . . ). These results show that the normal and cancerous data sets are statistically different.
Results of method 2
As mentioned before, we will conduct the method 2 analysis. That is, we investigate the WS co-methylation patterns by studying the distribution of the co-methylation region length. In particular, we will study the WS co-methylation region length for 4 methylation states (A, B, C, and D) separately. We identify the co-methylation regions that have the same methylation state (eg, AAAAA or BBBBB), and then count the number of CG sites in each region and calculate the length of each region. For example, we may report a DDDD region of length 100 base pairs, which represents a region that consists of 4 consecutive CG sites with methylation state "D" and its length is 100 bases. We identify all possible A, B, C, and D methylation-state regions. We also calculate the length and count of each region ("count" means the number of CG sites within a region). All method 2 analysis results are shown in Table 6 . This table shows that the medians of cancer co-methylation region length is larger than the median of the normal sample by more than a 100 base pairs for both the A and D methylation states. In fact, for the methylation state A region, the median length is 116 bases for the normal HMEC sample, but it is 206 and 207 bases for 2 cancer cell lines HCC1954 and MCF7, respectively. For the methylation state D region, the median length is 189 base pairs for the normal HMEC sample, but it is 247 and 275 base pairs for the 2 cancer cell lines. This indicates that lengths of cancerous co-methylation A or D regions are consistently greater than the lengths of normal comethylation regions, with the difference growing larger in higher quantiles (eg, 75% or third quarter). For the partial methylation state B and C regions, Table 6 shows that the partial methylation region length ranges from 46 to 63 base pairs (see the fifth or the median column of the B and C states). There is not an obvious difference for the partial methylation region length. Table 6 also shows that the majority (about 75%) of comethylation regions are at most 288 (for state A), 161 (for state B), 162 (for state C), and 499 (for state D) base pairs in the normal HMEC sample. For the breast cancer cell line HCC1954, the majority (about 75%) of co-methylation regions are at most 573 (for state A), 147 (for state B), 147 (for state C), and 711 (for state D) base pairs. For the breast cancer cell line MCF7, the majority (about 75%) of co-methylation regions are at most 504 (for state A), 168 (for state B), 175 (for state C), and 728 (for state D) base pairs. That is, most of the co-methylation regions are very short. However, for both the normal and cancerous samples, a small proportion of the co-methylation regions are very long, which can be as long as several thousand base pairs (see the last column of the Table 6 ). For example, even the partial methylation regions can be 2000 to 3000 base pairs; for the no/low (state A) and high/full (state D) co-methylation regions, they can be as long as 5000 and even more than 10 000 base pairs. Our method 2 analysis results in Table 6 show that comethylation patterns, especially the length of co-methylation regions of methylation states A and D, are different in normal and cancerous samples. Next, we use the Wilcoxon rank sum test to investigate whether these differences are statistically significant. We conduct the test twice: first comparing cancer with normal using the co-methylation region length data and then comparing cancer with normal using the count data (see Table  7 ). Each count is the number of CG sites per region. Table 7 shows that there is a significant difference for each methylation-state region.
As for the co-methylation region length, our median result of methylation state A of the normal HMEC sample listed in Table 6 is 116. This result is close to the co-methylation region length reported in Guo et al, 29 which is an average of 95 base pairs and is calculated based on a correlation method. However, if we look at the co-methylation region length of the methylation state B, C, and D, they are not the same no matter if we use the median or the mean. This difference may be due to the reasons shown below.
First, Guo et al did the analysis by considering the no/low methylation (ie, the methylation state A) regions, 2 types of partial methylation (methylation states B and C) regions, and high/full methylation (ie, methylation state D) regions together. That is, their result of the "average 95 base pairs" is a "pooled" analysis of all types of co-methylation regions. However, our analysis considers these 4 types of regions separately. As shown in Table 6 , co-methylation regions of different methylation states (A, B, C, and D) have different lengths. To obtain accurate analysis results, it is better to consider these 4 different methylation states separately.
Second, Guo et al calculated methylation haplotype blocks based on regions with at least 3 CG sites, but we calculate the length for co-methylation regions that have a minimum of 2 CG sites. Note that, in our original analysis, we calculate the co-methylation region length calculation for regions with at least 4 CG sites. Later, we change it to analyze co-methylation region of at least 2 CG sites. We make this change to be consistent with the co-methylation analysis we conducted in a recent publication. 16 Another reason for this change is that we find that there are a large proportion of co-methylation regions with just 2 CG sites; including them or not can affect the comethylation region length summary. We will discuss this in detail below (see Table 8 ).
When we study co-methylation region length and the number of CG sites belonging to each region, we find that many co-methylation regions have only 2 or 3 CG sites (see Table 8 ). Therefore, when we calculate the co-methylation region length for each methylation state, the selection of a minimum number of CG sites can affect the results. For example, Table 8 shows that, for the co-methylation regions of the methylation state A, 46.3% of them consist of just 2 CG sites (ie, AA) for the HMEC sample. For the methylation states B, C, and D of the HMEC samples (ie, BB, CC, and DD), they are 83.4%, 80.5%, and 28.2% (see the third column of the HMEC sample in Table 8 ). It is important to include the co-methylation region with only 2 CG sites in the study. Therefore, we use the minimum of 2 CG sites in this study and in our recent publication. 16 Without including the 2-CG site co-methylation region, the length could be longer than the reported one.
Discussion
We have conducted analyses to study WS co-methylation patterns by comparing 1 normal breast sample and 2 breast cancer cell lines. Our analysis results will allow researchers to better understand co-methylation, which can aid in future discovery and understanding of how co-methylation patterns may be related to the onset of cancer. However, our study has some limitations. The first limitation is that the current study is only based on 3 samples: 1 normal breast sample and 2 breast cancer cell lines. Therefore, the results of this study may not be generalized or applied to the population level due to the lack of replicates and samples. However, our results are still useful for the reasons and benefits listed below. Although analysis results on WS co-methylation over distance are reported, 11, 14, [26] [27] [28] they are disputable. 12, 15 In addition, WS co-methylation is not well studied for breast tissues yet. In particular, previous studies do not conduct WS co-methylation analysis by considering different methylation states (no/low, partial, and high/full methylation) separately. Therefore, it is necessary and important to conduct this preliminary analysis, which allows for the initial focus to be on a specific sample before working with multiple samples. This preliminary analysis can provide insights for us to build more accurate models to identify WS co-methylation patterns of multiple samples. Our analysis results can also provide helpful insight and information for methylation data analyses based on hidden Markov models. [35] [36] [37] [38] [39] [40] [41] However, the distribution of co-methylation region lengths is often unknown. Our WS co-methylation analysis results can provide useful information on this aspect. Meanwhile, we do plan to study the WS co-methylation patterns using multiple samples in each of the 2 groups (normal vs cancerous) in the near future. In fact, we recently published a paper on the analysis of co-methylation patterns of multiple normal samples/tissues. 16 The second limitation is that WS co-methylation patterns may also be related to genomic context. [11] [12] [13] 30 To simplify our analysis, we choose not to consider this relationship when comparing cancerous data with normal data. We plan to consider the genomic context in another co-methylation project. Abbreviation: hMEC, human mammary epithelial cell. Rows 2 to 9 are for the normal sample hMEC. Rows 10 to 17 are for the cancer cell line hCC1954. Rows 18 to 25 are for the cancer cell line MCF7. For each sample, the top row is number of Cg sites in each type of co-methylation region, ie, 2 Cg sites, 3 Cg sites, and so on. For each sample, "A count" and "A%" are the total number and percentage of co-methylation regions of methylation states "A." For example, for the hMEC sample, in the "2 Cgs" column, "A count" is 16 680, and "A%" is 46.3. These 2 numbers mean that, among all the AA . . . A type co-methylation region, 16 680, ie, 46.3%, of them have only 2 Cgs.
As for the coverage level in our analysis, we use all CG sites with at least 3× coverage. If the data sets that we use have very low coverages, eg, with an average of 3× or 4× coverage, then using a minimum of read depth of 3× will not be meaningful, and the results will not be reliable. However, the coverage of our 3 data sets are 27-fold (HMEC), 20-fold (HCC1954), and 36-fold (MCF7). Using the cutoff value of 3× coverage will not affect our analysis results much. In fact, we have conducted our analysis for 2 different coverage levels: ⩾3× and ⩾6×. The analysis results regarding co-methylation patterns are almost the same except that the lengths of co-methylation regions of the 3× and 6× levels are different. This difference is related to part of our method 2 conclusion. That is, the comethylation region length of ⩾6× data is shorter than the comethylation region length ⩾3× data. This is expected because less CG sites are selected when using ⩾6× data. As for the method 1 conclusion, they are the same. We have this consistency because our method 1 conclusion is based on "percentage," ie, how frequently 1 methylation state changes to another state. When the coverage level is increased, the "count" may become smaller, but the overall percentage is the same or similar in a whole chromosome.
In our WS co-methylation analysis, we consider CG sites with different methylation states/levels (A, B, C, and D) separately. That is, we group CG sites based on their methylation levels first before any further analysis. This type of method can be called a binning approach. For both WS and BS co-methylation analyses, the Pearson correlation-based method can be used when the sample size is relatively large. Next, we explain the benefits/advantages and downsides/disadvantages of using the binning approach against the Pearson correlation method on modeling data. First, when there are a large number of samples in each group of cancerous or normal samples, the Pearson correlation method can be used. For example, using the correlation-based method, Guo et al 29 studied WS correlation and Mallona et al 15 investigated BS co-methylation. When analyzing a small number of samples in each group (cancerous or normal), the binning approach can be used, but the Pearson correlation method cannot be used because not enough data can be used to calculate the correlation. The binning approach of studying WS co-methylation can provide helpful input for methylation analyses based on hidden Markov models. [37] [38] [39] [40] [41] Second, the binning approach can help to remove the impact of noise because DNA sequencing data can be very noisy; the Pearson correlation estimates can be easily affected by outliers. Third, the binning approach can help to investigate WS comethylation patterns, especially co-methylation region of different methylation states, ie, A, B, C, and D. We have shown that the co-methylation patterns of these 4 different methylation states are different (see Table 6 ). Therefore, our method is useful and important for studying the co-methylation patterns accurately and thoroughly. Furthermore, it is better to study the co-methylation patterns for partial methylation sites separately because changes in partially methylated domains are hallmarks of cell differentiation. 43 
Conclusions
In this article, we conduct analyses to study breast tissue WS co-methylation patterns using WGBS data. We analyze normal and cancerous breast tissue methylation data in an attempt to determine whether normal and cancerous breast samples have significantly different WS co-methylation patterns. To do so, we assign each CG site a methylation state (A, B, C, and D) based on methylation signal levels. We find that WS co-methylation patterns change even within a short 50-base distance. We also show that the co-methylation patterns of 4 methylation levels/states (A, B, C, D) are different both within a breast sample and between different samples (normal vs cancerous breast samples). Using our methods, not only do we show that co-methylation patterns of normal and cancerous breast samples are significantly different, but also pinpoint the specific range of distances between CG sites, in which different comethylation patterns occur. We also show that the co-methylation lengths of 4 different methylation states are different. To the best of our knowledge, this study is the first one that conducts a "zoomed-in" analysis for breast tissue co-methylation patterns by considering different methylation states (A, B, C, and D) separately. Our research may provide a deep understanding of co-methylation patterns. The presence of these specific co-methylation patterns may help tumor biologists more easily locate genes associated with cancer, which may contribute to more efficient and effective cancer diagnoses.
